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SYSTEM FOR IDENTIFYING TEXTUAL
RELATIONSHIPS

PRIORITY CLAIM

This application claims the benefit of priority from Indian
non-provisional patent application no. 291/CHE/2011 filed
Aug. 5,2011, and from Indian provisional patent application
no. 291/CHE/2011 filed Feb. 1, 2011, both of which are
incorporated by reference.

TECHNICAL FIELD

The present description relates generally to the field of
requirement analysis and, more specifically, to the field of
identifying technical requirements.

BACKGROUND

Enterprises, clients, and other companies (“enterprises”)
may wish to have hardware, software, or various combina-
tions of hardware and software developed or implemented.
Enterprises may have one or more requirements which each
enterprise may wish to have represented or otherwise
included in hardware and software implementations. Enter-
prises may, in some circumstances, contract with or hire one
ormore hardware or software providers or vendors to develop
and implement desired hardware and software.

SUMMARY

A computer-implemented method identifies textual state-
ment relationships. Textual statement pairs including a first
and second textual statement are identified, and parsed word
group pairs are extracted from first and second textual state-
ments. The parsed word groups are compared, and a parsed
word score for each statement pair is calculated. Word vectors
for the first and second textual statements are created and
compared. A word vector score is calculated based on the
comparison of the word vectors for the first and second tex-
tual statements. A match score is determined for the textual
statement pair, with the match score being representative of at
least one of the parsed word score and the word vector score.

Other systems, methods, and features will be, or will
become, apparent to one with skill in the art upon examina-
tion of the following figures and detailed description. It is
intended that all such additional systems, methods, and fea-
tures be included within this description, be within the scope
of the disclosure, and be protected by the following claims.

BRIEF DESCRIPTION OF DRAWINGS

The system may be better understood with reference to the
following drawings and description. The components in the
figures are not necessarily to scale, emphasis instead being
placed upon illustrating the principles of the disclosure.
Moreover, in the figures, like referenced numerals designate
corresponding parts throughout the different views.

FIG. 1 shows an example of a process model that may be
used in a system for identifying textual relationships.

FIG. 2 shows an example of a matching system that may be
used for identifying textual relationships.

FIG. 3 shows an example of a semantic graph that may be
used with a matching system.

FIG. 4 shows an example of a method that may be used for
identifying textual relationships.
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2

FIG. 5 shows an example of a method that may be used for
identifying textual relationships.

FIG. 6 shows an example of a method that may be used for
identifying textual relationships.

FIG. 7 shows an example of a method that may be used for
identifying textual relationships.

FIG. 8 shows information regarding thresholds and metrics
related to example processes for identifying textual relation-
ships.

FIG. 9 shows a screenshot of an example interface for a
system for identifying textual relationships.

FIG. 10 shows an exemplary processing system for sys-
tems and methods for identifying textual relationships.

DETAILED DESCRIPTION

Large enterprise software implementations may be cre-
ated, modified, and tailored to the specific needs of each
particular enterprise. Software providers or other vendors
may, where possible, create such software implementations
for each enterprise based in part or entirely on, with, or using
common software implementations or standard software
packages which the software provider or vendor may have
previously created or offered to other enterprises. Basing
implementations on standard offerings may reduce costs and
risks by leveraging past experience, and often by re-using
assets, such as software or code.

Successfully employing parts of common software imple-
mentations and standard software packages in the creation of
specifically tailored software implementations may shift a
requirements-definition process from a pure elicitation pro-
cess to one which has an element of gap analysis. In these
situations, it may be important to understand the relationship
between what the customer wants, and what the pre-defined
offering can do.

To facilitate and systematize this process of applying a
standard offering to an enterprise software need, it may be
important to develop and maintain reference models, capa-
bility models, or process models (“process models™). An
example of one such model may be a company’s Business
Process Repository. Process models may include reference
capabilities and process model elements (“process model
capabilities™), as well as reusable artifacts for a domain or
industry. Industry-specific process models may capture pro-
cesses and capabilities that are implemented repeatedly (with
potentially large variations) in an industry or domain. They
may represent standard processes (and variations) in different
industries and domains.

FIG. 1 illustrates one example of a process model, which is
based on an example Business Process Repository. The
industry-specific process model 100 of FIG. 1 is a hierarchi-
cal model of process model capabilities, and may include one
or more parent-child relationships. A capability may repre-
sent one or more functions in a business technical domain. At
the highest-level of the process model 100 may include
generic capabilities such as an “Order to Cash” capability 110
and a “Produce Products” capability 115. Each subsequent
level of the process model 100 may have child capabilities,
which are more detailed or granular functions, such as “Cre-
ate Invoice” capability 120 and “Check Customer Credit”
capability 145.

The children capabilities may be needed to implement the
parent capability. For example, “Order to Cash” capability
110 may have sub-capabilities such as “Create Invoice” capa-
bility 120, “Create Sales Order” capability 135, and “Manage
Customer Order” capability 150. In some systems, there may
also be some associated processes that outline ordering con-
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straints between the capabilities using a business process
language, such as, for example, Business Process Model and
Notation (“BPMN”).

The generation, creation, or modification of a software
implementation that both meets the client needs and leverages
pre-defined offerings and process models as much as possible
may include the development of final requirements through a
combination of bottom-up elicitation of requirements from
stakeholders, and top-down adoption of requirements derived
from the reference or process model. A requirement may be,
represent, or describe one or more functions, features, meth-
ods, acts, or processes that an enterprise or other client may
desire or require in the software implementation. The process
of mapping requirements to process models may begin, for
example, by receiving or otherwise identifying a list of textual
requirements from an enterprise seeking a tailored software
implementation. The received or identified list of textual
requirements may then be mapped to a process model for that
industry.

A matching system for mapping textual requirements may
be efficient and beneficial for maximizing precisionand accu-
racy while accounting for and limiting or eliminating issues
related to scale, linguistic complexity, implicit details, or
high-frequency terms. For example, a matching system may
be able to effectively match or map hundreds of requirements
to a process model containing hundreds—or even thou-
sands—of elements. Additionally or alternatively, a matching
system may be ableto account for domain-specific terms such
as debit memo to refer to something that may be referred to by
a term like invoice in the process model. Additionally or
alternatively, a matching system may recognize implicit map-
ping, such as where a user talks about “entering a discount
code” and is implying the capability of “creating a purchase
order” without actually mentioning it. Additionally or alter-
natively, a matching system may be recognized and accu-
rately match terms or keywords that may appear many times
in a process model in various contexts. For example, the
object “invoice” may appear in many capabilities in a process
models, and a matching system may match a keyword, such
as by or through an analysis of a verb, object, and preposi-
tional phrase which make a capability unique.

Some examples of mapping some requirements to capa-
bilities with the system are shown below in Table 1. These
examples illustrate the complexity of the matching textual
requirements to capabilities, and the system’s automated
mapping capabilities that can handle such complexities.

TABLE I

Capability Mapped Requirement

C1: Create sales order
C2: Create invoice

R1: Sales order shall be created by a user.

R2: The system shall allow the user to create a
debit memo.

R3: The system shall allow the user to select
transportation mode.

R4: The system shall allow the user to create
contracts and use them as reference for order
creation.

C3: Create delivery
document

C4: Create Purchase
Order with Reference
to a Contract

In the first example in Table I, the requirement R1 is
mapped to the capability C1. The automated system can deal
with multiple variations of saying the same thing. Systems
which include heuristics, such as matching system 200 dis-
cussed below, may be capable of leveraging a dependency
tree to deal with such issues.

In the second example in Table I, the requirement R2 is
mapped to the capability C2. In order to map this requirement
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to the capability, in addition the dependency analysis
described in a previous example, a system such as the map-
ping system 200 may understand or include domain knowl-
edge that “Debit Memo” is a synonym of “invoice.”

In the third example in Table I, the requirement R3 is
mapped to the capability C3. Here, a system, such as match-
ing system 200, may leverage domain knowledge that the
verb “select” is one of the many possible actions in a “create
object” action and “transportation mode” is an attribute that
belongs to the object “delivery document.” Leveraging this
domain knowledge may prove beneficial to the system 200 in
mapping the requirement to the capability.

In the fourth example in Table I, the requirement R4 is
mapped to the capability C4. In this example, the requirement
is poorly formed. The system may use an information
retrieval (IR) technique to create the mapping for this require-
ment.

As described herein, the system may identify textual rela-
tionships between requirements statements and textual capa-
bilities of a process model in an automated fashion, thereby
efficiently mapping an enterprise’s textual requirements to
the process model.

FIG. 2 illustrates a matching system 200 for identifying
textual relationships which may be used to identify textual
relationships between a requirements statement and a process
model. The matching system 200 may use a combination of
natural language processing (“NLP”), IR techniques, and
semantic reasoning to automatically match and map textual
requirements to process models.

The matching system 200 may receive a capability state-
ment 205. The capability statement may be or include a tex-
tual capability statement regarding a capability included in a
processing model. For example, the capability statement may
be “Create Invoice” capability 120 shown in FIG. 1. Alterna-
tively, the capability statement may be any capability
included in the processing model.

The matching system 200 may receive a requirement state-
ment 210. The requirement statement may, for example, be a
textual statement received by the matching system 200 from
the enterprise. The requirement statement 210 may describe a
capability that the enterprise may have or desire in the soft-
ware implementation. In some systems, the enterprise may
transmit or otherwise send to the matching system 200 hun-
dreds or thousands of requirement statements 201. The
received capability statement 205 and the requirement state-
ment 210 may be or form a textual statement pair.

While the matching system 200 is shown as receiving a
capability statement 205 and a requirement statement 210 for
matching, in other systems or configurations, the matching
system 200 may receive and be used to match or otherwise
compare two textual statements which may not be capability
statements or requirement statements.

The capability statement 205 and the requirement state-
ment 210 may be sent, passed, or otherwise transmitted to a
pre-processing module 220 of the matching system 200. The
pre-processing module 220 may process one or more state-
ments, such as the capability statement 205 or the require-
ment statement 210, so that the statement may be parsed by a
dependency parser 230. For example, in one embodiment, the
pre-processing module 220 may remove special characters,
such as quotes, hyphens, periods, colons, or other characters,
from the statements. Various other examples of pre-process-
ing may be performed by the pre-processing module 220.

The capability statement 205 and the requirement state-
ment 210 may be sent, passed, or otherwise transmitted to a
dependency parser 230. In some systems, the output of the
pre-processing module 220 is sent to the dependency parser
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230. The dependency parser 230 may extract one or more
parts or relations from each of the capability statement 205
and the requirement statement 210. The use of a dependency
tree for extracting content from requirements may reduce a

susceptibility to syntax of the sentence. 5

The dependency parser 230 may use a rule based approach
to extract parts from the text of one or both of the capability
statement 205 and the requirement statement 210. The depen-

dency parser 230 may use a set of heuristics over a depen-

dency tree to extract relevant parts, words, or terms. The
dependency parser 230 may generate or otherwise acquire
and utilize a dependency tree. The dependency tree may
include one or more dependencies, relations, or relationships

(“relations™). Some examples of dependencies considered, 15

reported, or analyzed by the dependency parser 230 as shown
below in Table II, and may include:

1) dobj may be created, used, and refer to a direct object of
a verb of one of the statements, such as the capability state-
ment 205 or the requirement statement 210. The dobj depen-
dency relation may identify direct objects of verbs for active
sentences. For example, for the statement “System shall allow
the user to create an invoice,” a dobj(create, invoice) relation

may be generated, identifying that the direct object “invoice” 5

of'the verb “create” in the statement. Various other examples
are possible.

2) nsubjpass may be created, used, and refer to the object of
a passive clause. The nsubjpass dependency relation may
identify objects of related to verbs for passive sentences. For
example, for the statement “Credit Notes and Returns must be
approved before they can be processed,” a nsubjpass(ap-
proved, Notes) relation may be generated, identifying the
object “Notes” of the verb “approved” in the statement. Vari-
ous other examples are possible.

3) prep may be created, used, and refer to a prepositional
modifier of a noun or a verb. The prep relation may identify
preposition phrases linked to a verb phrase. For example, for

the statement “The system shall allow the user to send a 40

Purchase Order to the ERP system,” a prepto(send, ERP)
relation may be generated, identifying the verb “send” as
being directed “to” the preposition phrase “ERP” in the state-
ment. Various other examples are possible.

30
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4) nn may be created, used, and refer to a noun compound
modifier of a rightmost noun of a noun phrase. The nn relation
may be used to identify the full name of the objects being
extracted. For example, for the statement “Credit Notes and
Returns must be approved before they can be processed,” a
nn(Notes, Credit) relation may be generated, identifying
“Credit” as acompound modifier of a rightmost noun “Notes”
in the statement. Various other examples are possible.

5) conj may be created, used, and refer to a conjunction
relationship (and/or) between different constituents of a sen-
tence. The conj relation may be used to create VOP triples
from complex sentences that use conjunctions and disjunc-
tions. For example, for the statement “The system shall allow
the user to create and maintain an order,” a conjand(create,
maintain) relation may be generated, identifying an “and”
relationship between the verbs “create” and “maintain.” Vari-
ous other examples are possible.

Relations, such as any of the dependencies, relationships,
or relations described, may then be sent from the dependency
parser 230 to the term extractor 240. The term extractor 240
may use a simple set of rules to extract parsed word groups,
such as verb-object-preposition (VOP) triple, from the state-
ments. For example, the term extractor 240 may identify verb
and object relationships using dobj and nsubjpass relations,
each of which may identify a verb and object. The term
extractor 240 may then check the statement for one or more
prepositional modifier or conjunction relations, such as by
analyzing any prep or conj relations generated. The term
extractor 240 may also or alternatively extract relevant rela-
tionships and objects are also extracted. The term extractor
240 may recursively extract the complete object names for
any objects using the nn relation. Additional rules or relations
may be created, generated, or used to handle more variations
in some systems.

Table I1, shown below, offers some examples of statements,
a list of dependencies, and the parsed word groups identified
for the statements. The second column shows the list of
dependencies and relations generated using the dependency
parser 230. Key dependencies that may be used for extracting
VOP triples may be highlighted in bold. The third column
shows parsed word groups, such as VOP triples, that have
been extracted by the term extractor 240 using the list of
dependencies or relations for the statements. Many other
variations are possible.

TABLE I

Statements

Dependency List VOP

System shall allow the
user to create an invoice.

The system shall allow the

user to send a Purchase

Order to the ERP system.

(allow, System), aux(allow, shall),
det(user, the), dobj(allow, user),
aux(create, to), infmod(user, create),
det(invoice, an), dobj(create, invoice)
nsubj(allow, System), aux(allow, shall),
det(user, the), dobj(allow, user),
aux(send, to), infimod(user, send),
det(Order, a), nn(Order, Purchase),
dobj(send, Order), prepto(send,
ERP.)

V = create, O = invoice;

V = create, O = Purchase
Order, P = ERP System;

Credit Notes and Returns
must be approved before
they can be processed.

The system shall allow the
user to create and
maintain an order.

nn(Notes, Credit),
nsubjpass(approved, Notes),
conjand(Notes, Returns),
aux(approved, must),
auxpass(approved, be),
mark(processed., before),
nsubj(processed., they), aux(processed.,
can), cop(processed., be),
advcl(approved, processed.)
det(system, The), nsubj(allow, system),
aux(allow, shall), det(user the),
dobj(allow, user), aux(create, to),

V = approved, O = Credit
Notes;
V = approved, O = Returns;

V = create, O = Order;
V = maintain, O = Order;
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TABLE II-continued

Statements Dependency List VOP

infmod(user, create), conjand(create,
maintain), det(order, an), dobj(create,
order)

The matching system 200 may process each of the capa-
bility statement 205 and the requirement statement 210 sepa-
rately to generate parsed word groups using one or more of
the pre-processing module 220, the dependency parser 230,
or the term extractor 240. In some systems, the parsed word
groups may all be VOP triples, such as in systems where a
verb, object, and preposition are the only or the main parts
that are typically found in a capability. In other systems, the
parsed word groups may include different words, terms, or
portions of statements. In some systems where VOP triples
are extracted, one or more of the verb, object, and preposition
may not be extracted, such as where the statement does not
include one or more of the verb, object, and preposition. For
example, in the statement “System shall allow the user to
create an invoice,” there is no preposition, and therefore the
VOP triple may merely include “create” as the verb and
“invoice” as the object. Other variations are possible.

Once the parsed word groups have been created, such as by
or using one or more of the pre-processing module 220, the
dependency parser 230, or the term extractor 240, these
parsed word groups may be passed to the parsed term matcher
250. The parsed term matcher 250 may receive, such as from
the term extractor 240, one or more of a parsed word group for
the capability statement 205 and a parsed word group for the
requirement statement 210.

The parsed term matcher 250 may compare or otherwise
match the parsed word groups for the capability statement
205 and the requirement statement 210. The combination of a
parsed word group for the capability statement 205 and a
parsed word group for the requirement statement 210 may be
referred to as a parsed word group pair. A parsed word group
pair may, for example, be a combination or pair of parsed
word groups, with one parsed word group being for a first
textual statement such as a capability statement 205, and with
the second parsed word group being a second textual state-
ment, such as a requirement statement 210. In some systems,
the parsed word groups from each of the first textual state-
ment and the second textual statement may include similar or
the same term types. For example, a parsed word group pair
may include a VOP triple from the first textual statement and
a VOP triple from the second textual statement. Matching
using the parsed term matcher 250 may be referred to as
parsed word matching, parsed word group matching, or NLP
matching

The parsed term matcher 250 may include, for example,
one or more of a string matcher 270, a semantic matcher 280,
and a lexicon matcher 290. Fewer or more matchers may be
included in the parsed term matcher 250. The parsed term
matcher 250 may utilize one or more of the string matcher
270, semantic matcher 280, and lexicon matcher 290, sepa-
rately or together, to generate one or more similarity scores
for the parsed word groups for the capability statement 205
and the requirement statement 210. A similarity score may be
a rating, degree, score, or other value which may indicate a
level of similarity between a first textual statement, such as a
capability statement 205, and a second textual statement,
such as a requirement statement 210.
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In some systems, the matching of the parsed word groups
performed by the parsed term matcher 250 may be separated
into a matching for each part or term of a parsed word group.
In these systems, term pairs may be identified or generated,
such as from the parsed word groups or the parsed word group
pairs. Term pairs may, for example, be a pair of terms, with
one term from the first textual statement and a second term
from the second textual statement. Each of the terms in a term
pair may be terms with one or more characteristic in common,
such as a term type. For example, a term pair may include a
verb from a first textual statement and a verb from the second
textual statement. A term may be one word or more than one
word. For example, a phrase “customer invoice” may be a
term. Other variations are possible.

As an example, a parsed term matcher 250 may match a
verb from the VOP triple for the capability statement 205 to a
verb from the VOP triple for the requirement statement. A
similar analysis may be conducted for matching objects or
prepositions of the VOP triples for the capability statement
205 and the requirement statement 210. The compared or
matched terms may be denote T and T, where T, may be a
term, such as a verb, object, or preposition, for the require-
ment statement 210, and T may be the same type of term,
such as a verb, object, or preposition, for the capability state-
ment 205.

In some systems, the terms T, and T that are used during
a comparison or matching analysis may be base words or
stemmed versions for the terms from the requirement state-
ment 210 and the capability statement 205 respectively. For
example, where a verb for a requirement statement 210 is
“generating,” the term T used for comparison or matching
may be “generat.”” As another example, where a verb for the
capability statement 205 is “generates,” the term T used for
comparison or matching may also be “generat” Various
methods and examples of obtaining the base words or
stemmed versions of the terms are possible. In other systems,
the exact terms and their prefixes or suffixes may be used for
the terms T and T .. Various other examples are possible.

The parsed word matcher 250 may use or include a string
matcher 270 which may match or otherwise identify a rela-
tionship between one or more terms of the parsed word group.
The string matcher 270 may generate a string similarity score
(SIM,,,(Tg, T)), which may indicate a string similarity score
between the two terms T, and T - of the same type. The string
similarity score SIM_, (T, T,) may be based on an exact
string comparison of the two terms T and T..

The string similarity score SIM_, (T, T,) may, in some
instances, indicate one of only two possible outcomes—ei-
ther the two terms T and T - exactly match, or they do not. For
example, the string similarity score SIM,, (Tz, T.) may
return a value of “1” where the terms T and T are an exact
match, and may return a “0” where they do not exactly match.
As a specific example, the string matcher 270 may generate a
string similarity score SIM_, (T, T)=1 where the term Ty is
“generat” and where the term T is also “generat.” In some
systems, the string similarity score may not be less than zero
and may not be greater than 1. Various other examples are
possible.
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The parsed word matcher 250 may use or include a seman-
tic matcher 280 which may match or otherwise identify a
relationship between one or more terms T and T, of the
parsed word group. The semantic matcher 280 may generate
a semantic similarity score (SIM,,, (Tx, T,)) which may
indicate a semantic similarity score between any two terms T,
and T .. The semantic similarity score may measure, indicate,
or otherwise represent a level or degree of similarity of terms
in a first textual statement and a second textual statement, and
may account for variations in words, synonyms, and other
semantic relationships between terms. The semantic similar-
ity score SIM,_,,(Tx, T) may be based on semantic relation-
ship between the words.

The semantic matcher 280 may access, use, consult,
receive information, transmit information, or otherwise com-
municate with a semantic graph 282 before, during, or after
calculating a semantic similarity score. The semantic graph
282 may contain information, data, models, flowcharts,
dependency or hierarchical trees or charts, or various other
information for one or more words or capabilities. The infor-
mation in the semantic graph 282 may be used by the seman-
tic matcher 280 to determine the semantic similarity score
SIM,,,.(T%, T,), such as by analyzing each of the terms T
and T - to identify a relationship between the terms Tz and T..

With or without the aid of a semantic graph 282, the seman-
tic matcher 280 may determine, calculate, or otherwise gen-
erate the semantic similarity score SIM_,.(Tz, T.). An
example of a formula that may be used for determining a
semantic similarity score SIM,,, (Tz, T) is:

sem(

1 if sameAs(Tg, T¢)

a;  if subClassOf (Tg, Tc)
SIMun(Te. To) i ?f partOf (T, Tc)

ay if subClassOf (T¢, Tr)
Ba if partOf(Tc, Tr)
0 otherwise

In the above formula for calculating a semantic similarity
score, sameAs(T, T ) may be a function that returns true if
two elements in the semantic graph 282 are equivalent or
otherwise have the same meaning. As an example, the
sameAs(Tx, T) may be or return a value of “1” where the
term Ty is “generat” and where the term T is also “generat.”
As another example, the sameAs(Ty, T) may be or return a
value of “1” where the term T is “bill” and where the term T
is “invoice,” and where the semantic graph 282 indicates that
“bill” and “invoice” are synonyms or have the same meaning
within the processing model. However, the sameAs(Tx, T,)
may be or return a value of “0” (or an indication of false)
where the term T is “create” and where the term T, is
“delete,” where the semantic graph 282 does not indicate that
“create” and “delete” have the same meaning. Many other
examples are possible.

In the above formula for calculating a semantic similarity
score, subClassOf(Ty, T ) may be a function that returns true
if T, is a sub-class of T, in the semantic graph 282. The
semantic graph 282 may include dependency, hierarchical or
class based information or data for one or more terms. As an
example, subClassOf(T,, T ) may be or return a value of o,
where the term Ty is “sales order” and where the term T is
“order,” and where the semantic graph 282 indicates that
“sales order” is a sub-class of “order”” As another example,
where Ty is “order” and where the term T . is ““sales order,” the
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subClassOf{(Tz, T,) may be or return a value of 0, as “order”
may not be a sub-class of “sales order.” Various other
examples are possible.

In the above formula, subClassOf(T ., T) may be a func-
tion that returns true if T~ is a sub-class of Ty in the semantic
graph 282. The determination may be the same or similar to
the determination for subClassOf(T, T.), except that the
terms may be considered in a reverse order. As an example,
where T is “order” and where the term T . is “sales order,” the
subClassOf{(T -, Tx) may be or return a value of ., where the
semantic graph 282 indicates that “sales order” is a sub-class
of “order.” In this example, subClassOf(T, T ) would be or
return a value of “0” or “false.” Various other examples are
possible.

In the above formula for calculating a semantic similarity
score, partOf(T,,T ) may be a function that returns true if T
is a part-of T, in the semantic graph 282. As an example
where the term Ty is “transportation mode” and where the
term T is “delivery document,” and where the semantic
graph 282 indicates that “transportation mode” is a part of
“delivery document,” the partOf(T,,T ) may be or return a
value of j3,. Various other examples are possible.

In the above formula, part Of(T.,T) may be a function
that returns true if T - is a part-of T in the semantic graph 282.
The determination may be the same or similar to the deter-
mination for partOf(Tz,T), except that the terms may be
considered in a reverse order. As an example, where Tj is
“delivery document” and where the term T . is “transportation
mode,” the partOf(T,T;) may be or return a value of f3,
where the where the semantic graph 282 indicates that “trans-
portation mode” is a part of “delivery document.” Various
other examples are possible.

The above formula for calculating a semantic similarity
score may also return a value of “0” if none of the sameAs(Tk,
T.), subClassOf(T,, T.), partOf(Tz,T), subClassOf(T,
Tz), and partOf(T.,Tz) return true or non-zero values. In
some systems, the semantic similarity score may not be less
than zero and may not be greater than 1.

The semantic similarity score may include or utilize dif-
ferent or additional considerations, relationships, hierarchies,
or information to calculate the semantic similarity score. In
some systems, fewer relationships may be considered.

Various research and methods may be employed to deter-
mine or set values for o, f§;, &, and f3,. For example, one or
more tests or analyses of data may be used to determine
various semantic similarity scores for comparisons of one or
more capability statements 205 or requirement statements
210, with various values fora, §,, o, and §, chosen for each
comparison. Analyzing the results of these tests may indicate
that one or more values for o, 3, &, and §, may provide the
best, most accurate, or most precise results. Various other
methods of deriving or setting the values fora. |, f;, a,, and §,
are possible.

Various values may be determined or set for ., f3,, o, and
[,- As one example determined empirically, the values for the
constants may be set as follows: a,=0.95, 3,=0.85, a.,=0.85,
[,=0.75. This set of values may be designed to penalize
requirements that are more general than capabilities and
reward requirements that are more specific that capabilities.
Various other examples are possible.

The semantic graph 282 used or referred to by the semantic
matcher 280 may be customizable or generated in a variety of
ways. As users may often refer to different common attributes
of objects such as invoice and purchase order, the semantic
graph 282 may model or otherwise incorporate relationships
between commonly used terms in the domain of the process
model using one or more different techniques.
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For example, the semantic graph 282 may extract fre-
quently used words. A word histogram for the verbs and the
nouns may be created from or using tagged words. For
example, the frequencies of the most common verbs and
nouns in an example Order to Cash process model are shown
below in Table III. One or more of the most frequently occur-
ring nouns or verbs may be added as nodes to the semantic
graph 282.

TABLE III
Verb Frequency Noun Frequency
Maintain 638 Data 155
Create 618 Order 127
Define 328 Planning 122
Process 250 Contract 118
Manage 200 Sales 107
Perform 144 Invoice 95
Execute 90 Customer 89
View 60 Payment 67
Assign 58 Project 66
Set 56 shipment 54

As another example of a technique used in creating the
semantic graph 282, frequently used phrases may be
extracted. Extraction of one or more phrases may be accom-
plished in a variety of ways and using different techniques.
For example, a search may be conducted for two-grams and
three-grams that contains the most frequent nouns in the
index. Then these most frequent words may filtered using a
high pass filter with a lower cutoff. As another example, a
n-gram index may be created and used to filter the most
frequent n-grams. In some systems, phrases extracted (for
e.g. debit memo and customer invoice) using one or both of
the above techniques may be populated into the semantic
graph 282.

As another example of a technique used in creating the
semantic graph 282, relationships between nodes may be
added to the semantic graph 282. As noted above, the seman-
tic graph 282 may have, define, identify, or otherwise include
at least the following three types of relationships: 1) subClass
2) partOf3) sameAs. The subClass relationship may be semi-
automatically created, such as where users may be presented
a set of candidates for subclasses using a heuristic. For
example, a word W which may be a suffix of phrase P (e.g.
order—sales order) may indicate that P is a subclass of W. For
each concept, synonyms from the lexicon 292 may be shown
to users who may then select the relevant ones to be added
using the sameAs relationship. Adding partOf relations may
be performed mostly manually, or partially automatically.
Using these and other techniques, the semantic graph 282
may be created or populated for use with the semantic
matcher 280.

FIG. 3 shows an example semantic graph 300 which may
be similar to, the same as, or otherwise resemble the semantic
graph 282. The semantic graph 300 shows relations between
one or more capabilities or terms, such as sameAs, partOfand
subClass relations. Other semantic graphs 282 may be created
or used, such as a semantic graph 282 specific to or specially
designed or created for one or more process models or indus-
tries. Various other semantic graphs 282 are possible.

In addition or alternatively, the parsed word matcher 250
may use or include a lexicon matcher 290 which may match
or otherwise identify a relationship between one or more
terms ofthe parsed word group. The lexicon matcher 290 may
generate a lexicon similarity score (SIM, . (Tz, T)), which
may indicate a lexicon similarity between the two terms Ty
and T - of the same type. The lexicon similarity score SIM, .
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(Tx, T) may be used to identify a similarity between two
terms T and T based on their relative positions in a word
taxonomy.

The lexicon matcher 290 may access, use, consult, receive
information, transmit information, or otherwise communi-
cate with a lexicon 292 before, during, or after calculating a
lexicon similarity score. The lexicon 292 may be or include
one or more of information, data, a taxonomy of words, a
thesaurus, and a dictionary. The lexicon 292 may include one
or more tables or lists of antonyms, synonyms, homonyms, or
other terms or words. In some systems, a tool such as Word-
Net may be used as a lexicon 292. The information in the
lexicon 292 may be used by the lexicon matcher 290 to
determine the lexicon similarity score SIM,_ (T4, T), such
as by analyzing each of the terms T, and T, to identify a
taxonomy between or with the terms T and T..

With or without the aid of a lexicon 292, the lexicon
matcher 290 may determine, calculate, or otherwise generate
the semantic similarity score SIM; , (T, T ). An example of
a formula that may be used for determining a lexicon simi-
larity score SIM;, (Tx, To) is:

20C(es(Tr, Te))

SIMyp(Tg, Te) = o R0 27
LeTk. Te) IC(Tp) + IC(Tc)

In the above formula for calculating a lexicon similarity
score, the information content of a term t, denoted IC(t), may
be calculated using a formula:

freq(t)
cw = —ln( freg(root) ]

In this formula, freq(t) and freq(root) may be the frequen-
cies of the term t and the root r of the taxonomy, respectively.
The lowest common subsumer (Ics) of two terms T and T
may be the lowest node in the taxonomy that subsumes both
the terms. In some systems, the lexicon similarity score may
not be less than zero and may not be greater than 1. Various
other example of a lexicon similarity score may be imple-
mented or used with the lexicon matcher 290 or the parsed
term matcher 250.

One or more of the string matcher 270, the semantic
matcher 280, and the lexicon matcher 290 may each be used
to calculate a term pair similarity score for each term pairs
(Tg, T,) from the parsed word groups for the capability
statement 205 and requirement statement 210. For example,
in some systems, the string matcher 270, the semantic
matcher 280, and the lexicon matcher 290 may be each be
used to calculate term pair similarity scores for verb pairs
(Vz, V), object pairs (O, O), and prepositional pairs (P,
P.) for a capability statement 205 and a requirement state-
ment 210.

For each term pair (T, T.) compared or otherwise
matched from a parsed word group for the capability state-
ment 205 and parsed word group for the requirement state-
ment 210, the parsed term matcher 250 may generate a term
pair similarity score SIM(Tx, T,). The term pair similarity
score SIM(T, T ) may leverage or consider one or more of
the string similarity score SIM,,,(Tx, T ), the semantic simi-
larity score SIM,,,,(Tx, T ), and the lexicon similarity score
SIM; .(Tz, T.). For example, the parsed term matcher 250
may compare the scores from the string matcher 270, the
semantic matcher 280, and the lexicon matcher 290, and may
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determine or designate that the term pair similarity score
SIM(T, T ) be the maximum of these scores, as shown in the
formula below:

SiMaTg, Tc),
SIM(Tg, Tc) = maxqy SIMeen(Tr, Tc),

SIMye(Tg, Tc)

The term pair similarity score for each term pair may be
calculated individually. For example, the SIM(V,, V) as
calculated using the above formula may be equivalent to
SIM,,,(V&, V), while the SIM(O, O.) may be equivalent to
SIM,,,,,(Og, O). Various other examples or combinations are
possible.

In some systems, the parsed term matcher 250 may utilize
an additional or alternative comparison or matching formula
or algorithm for matching of prepositional pairs (P, P.). For
example, the parsed term matcher 250 may determine or
otherwise calculate a prepositional similarity score SIM (P,
P_.) separately from a similarity score for a verb pair or an
object pair, such as using the following formula:

1 if Pg = null
SIMp(Pg, Pc) =<7y if Pc =null
SIM(Pg, Pc) otherwise

The above formula may add an extra or alternative layer,
determination, or calculation to determining a similarity
score for a prepositional pair (P, P), which may be useful
where one of the capability statement 205 or requirement
statement 210 has a prepositional term P, or P while the
other does not. For example, in this formula, the prepositional
similarity score SIM (P, P~) may be or return a value of “1”
or “true” where the requirements statement 210 includes a
term P, and the capability statement 205 does not include a
prepositional term. Where, alternatively, the capability state-
ment 205 includes a term P and the requirement statement
210 does not include a prepositional term, the prepositional
similarity score SIM,(P, P) may be or return a value of “y”.
The value for y may be set empirically and may be various
values. For example, in some systems, y=0.8. Under either of
these circumstances, the statement with the prepositional
term may be treated as being more specific than the statement
without a prepositional term. For example, a requirement
statement 210 which includes “create contract for e-com-
merce” may be considered to be more specific than a capa-
bility statement “create contract.” Where both of the capabil-
ity statement 205 and requirement statement 210 have a
prepositional term (or where neither has a prepositional
term), the formula may revert back to the SIM(P,, P ) score
calculated by the parsed term matcher 250, such as using the
maximum of one or more of a string similarity score, a seman-
tic similarity score, and a lexicon similarity score.

Though not required, one reason the above formula may be
useful for determining a prepositional similarity score SIM,
(Pg, P-) may be that verb and object based matches may be
more important than a prepositional match. As such, the simi-
larity measures may be designed to penalize differences
between verbs or objects more than for prepositions. In other
systems, the similarity score for the prepositional pairs may
not include this additional formula.

The determined similarity scores for each of the term pairs,
which may be referred to as term pair similarity scores or term
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pair sub-scores, may be used by the parsed term matcher 250
to determine a parsed word similarity score for the parsed
word group for the capability requirement 205 and the parsed
word group for the requirement statement 210. A parsed word
similarity score may indicate, represent, quantify, or other-
wise identify a degree or level of similarity or matching of the
parsed words from a first textual statement and the parsed
words from a second textual statement. For example, the
parsed term matcher 250 may calculate a parsed word simi-
larity score (also referred to as a parsed word score) as a
product of each of the term pair sub-scores. For example, an
overall parsed word similarity score (VOP(R, C)) between a
requirement(R) and a capability(C) may be calculated as a
product of the similarity score for the verb pair (SIM(Vy,
Vo)), the similarity score for the object pair (SIM(Og, O.)),
and the similarity score for the prepositional pair (SIM (P,
P.)), as shown below:

SIM(Vg, Ve) X }

VOP(R,C)=  max { SIM(Og, O¢) X
(Vg,Og-PRIER,
[(VC,OC,PC>GC] SIMp(P, Pc)

In this formula, <V, O, P> may be a VOP triple
extracted from requirement statement 210 and <V, O, P >
may be a VOP triple extracted from capability statement 205.

In some systems, the parsed word similarity score may be
calculated as a product of all of the term pairs in parsed word
groups for the capability statement 205 and the requirement
statement 210. In other systems, one or more term pairs from
a parsed word group may be ignored in calculating a parsed
word similarity score. In some systems, the parsed word
similarity score may not be less than zero and may not be
greater than 1. Other variations are possible.

One or more parts of the matching system 200, such as the
pre-processing module 220, the dependency parser 230, and
the term extractor 240, may additionally or alternatively be
used to create word vectors for each of the capability state-
ment 205 and the requirement statement 210. For example,
the term extractor 240 may be used to create a word vector for
a statement. Word vectors may, for example, be a vector or
stream of some or all words or terms in a textual statement.
The words or terms in a word vector may be weighted, such as
based on various characteristics or a frequency of the words or
terms. The word vectors may model a capability statement
205 or a requirements statement 210 as a bag or collection of
words. An order of the words or terms in a textual statement
may not be important or identified in a word vector. A word
vector may not depend on a structure of a statement from
which the word vector was generated. Comparing word vec-
tors may be beneficial and offer an additionally useful tool,
especially where capability statements 205 or requirements
statements 210 are poorly formed or complex, or where it
may be hard to generate parsed word groups such as VOP
triples.

In creating a word vector, such as a word vector for a
capability statement 205 or a word vector for a requirements
statement 210, the one or more parts of the matching system
200 may first extract terms or tokens from the parsed word
groups of a statement where the matching system 200 was
able to successfully parse the statement. The one or more
parts of the matching system 200 may also search the text for
objects which may defined in a semantic graph. The one or
more parts of the matching system 200 may also tokenize the
rest of the text and create a term vector for the statement. As
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an example, a word vector (“this”, “is”, “a”, “fox’’) may be
created for the sentence “This is a fox.” Other variations and
examples are possible.

A textual statement, such as a requirement statement word

=4 .y
vector R or a capability statement word vector c, may be
created and weighted in various ways. For example, a word

vector R or C={f,t,, f,t,, ..., f,t,}; where, f,, is the weighted

frequency of term t, in the term vector R or C. The weighted

16

statement and a second textual statement, irrespective of the
placement or order of the words or terms in the statement. In
some systems, the word vector similarity score may not be
less than zero and may not be greater than 1. Word matching
using the word vector matcher 260 may, in some systems, be
referred to as vector matching, word vector matching, IR
matching, cosine similarity matching, or various other match-
ing or comparison.

In some circumstances, the comparison or matching of the

frequency f,of eachterm t, may be det.ermined orcalculatedin 10 {0 word vectors R and C may be considered or otherwise
various ways, such as, for example, in the formula below: referred to as a weighted cosine. The weighted cosine or word
vector similarity score between a requirement R and capabil-
ity C may be described as:
0 if 5; € {StopWords}
fi+l if eV, 0, Py} 15 cos(R,C)=R-C
5= fi+1 if t; € SemanticGraph The matching system 200 may determine an overall match
7 otherwise score 290 (M(R, C)) between a capability statement 205 and
' a requirements statement 210 in a variety of ways. For
2 example, the matching system 200 may calculate the overall
In the above formula, T, may be the frequency of word W, match score M(R, C) 290 using one or more of the parsed
in statement. The weighted nature of the word vectors, as word similarity score apd the word vector similarity score. As
shown in the above formula, gives an additional weight to an example, the matching system 200 may calculate the over-
verbs, objects, and prepositions in a statement, as these are all match score 290 as the maximum score from parsed word
often the terms in a statement that demonstrate a capability of 25 similarity score and the word vector similarity score, as
a statement. Additionally, the weighted nature of the word  Shown below:
vectors according to the above formula may also give addi- MR Cy=maxcos(R,C), FOP(R,C)}
tional weight to words which may appear in a semantic graph, . o .
such as the semantic graph 282. In some systems, all other In this way, a similarity between capability statements 205
words, except for stop words, may then be weighted equiva- 30 and requirement statements 210 may be reliably calculated,
lently. Various other weights are possible. whether or not one or both of the statements 205 and 210 have
A word vector matcher 260 may compare or match the been well or poor!y constructed or whether or not these state-
word vectors of the capability statement 205 and the require- ments can be easily parsed. In. this e.:x.ample, the gr cater the
ment statement 210. For example, a requirement statement overall match score, the mor.e.hkely it is that the requirement
N . c 55 statement 210 and the capability statement 205 may match or
word vector R and a capability statement word vector may otherwise be related.
be .compared or matched by a word vector matcher 260 in Table IV as shown below depicts a set of mappings
various ways, such as by taking a dot product of the two word between example capability statements 205 (first column)
vectors R and C. Theresult of the dot product of the two word and example requirement statements 210 (second column).
vectors may be considered a word vector similarity score ,, An overall match score 290 for the capability statement 205
(also referred to as a word vector score). The word vector and the requirement statement 210 is shown in the third
similarity score may, for example, represent a level or degree column, with details of the mapping, such as similarity scores
of similarity between the words or terms in a first textual for one or more term pairs, shown in the forth column.
TABLE IV
Mapped Match Link
Capability (C) Requirement (R) Score  Details Type
Create sales Sales order shall be 1.0000  V: SIM_, (created, create) = 1; C=R
order created by a user. O: SIM;, (sales order, sales order) = 1
Create invoice The system shall allow 0.8500  V: SIM,,(created, create) = 1; O: CoR
the user to create a SIM,.,,(debit memo, invoice) = 0.8 ~.*
debit memo. hasSubClass(invoice, debit memo) =T
Create delivery The system shall allow 0.7225  V: SIMsem (select, create) = 0.85 -.* CcR
document the user to select partOf (select, create) = T;
transportation mode. O: SIM,,,,(transportation mode,
delivery document) = 0.85 ." part of
(transportation mode, delivery
document) =T
Create Purchase  The system shall allow 0.8366 & {purchas = 2, order = 2, refere = 2, CNR
Order with the user to create creat = 2, contract = 2};
Reference to a contracts and use them R {creation = 1, order = 2, refer = 1,
Contract as reference for order creat = 2, contract =2}
creation
the system the system shall allow  0.0000  V: SIM(create, cancel) = 0; O: SIM,,. =
allow the user the user to cancel the ~ 0.0000 (contract, contract) = 1 c {ereat =2,
to create contract contract = 2}; R {cancel = 2,
contract contract =2}
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TABLE IV-continued
Mapped Match Link
Capability (C) Requirement (R) Score  Details Type
The system the system shall allow ~ 0.5000 & {purchas = 2, order = 2, creat = 2, =

shall allow the
user to create

Purchase Order
for ERP

the user to create

Purchase Order for
SRM

order = 2, execut = 2}
0.0000

erp =2}; g {srm = 2, purchas =2,

V: SIM,,, (create, create) = 1; O: SIM,,. =
(Purchase Order, Purchase Order) = 1;
P: SIM(ERP, SRM) =0

In addition to generating a match scope, the matching
system 200 may also or alternatively assign a link type to each
mapping. The matching system 200 may use link types such
as equivalent (=); subsumedBy (<), relatedTo (M) and
noMatch (=). Note that when a mapping is generated using
parsed word group matching, the matching system 200 may
generate more fine-grained relationships such as equivalent
and subsumedByY, but if the mapping is generated using word
vector matching, then in some systems, only the relatedTo
may be generated.

The matching system 200 may provide many benefits and
may support many key analysis objectives, such as:

1) Highlighting common capabilities from a process model

not specified in requirements.

2) Determining which portions of a process model corre-
spond to requirements to identify relevant modules.

3) Identifying which of the enterprise’s requirements do
not map to elements of the process model and classify-
ing them as non-standard (potentially risky and costly)
requirements.

4) Making any asset or knowledge associated with that
element available to support other analysis and design
activities. For example, the mapping can be used to
generate estimates based on previous projects or lever-
age reusable lessons-learned assets indexed with model
elements.

FIGS. 4-6 depict various methods for identitying relation-
ships between textual statements. The methods of FIGS. 4-6
may, for example, be partially or entirely implemented or
performed by the matching system 200, components or mod-
ules in the matching system 200, or various other systems.

FIG. 4 illustrates a method for identifying a relationship
between a first textual statement and a second textual state-
ment. The method begins at block 402, where a first textual
statement and a second textual statement are identified. In
some systems, the first textual statement may be a require-
ment statement, such as requirement statement 210 received
from an enterprise. In some systems, the second textual state-
ment may be a capability statement or other process model
description, such as capability statement 205 from the process
model. The designation of first and second textual statements
may be reversed, such that the first textual statement may be
the capability statement, or vice versa. However, the method
of FIG. 4 may also be used to compare various other textual
statements which may not be requirement statements or capa-
bility statements. For example, the method of FIG. 4 may be
used to compare translations of various statements, or in
various other capacities.

Once the first and second textual statements have been
identified, the method may proceed to block 404, where the
first and second textual statements are parsed to obtain parsed
word groups and term pairs. For example, the first textual
statement may be parsed, such as by or using one or more of
the Pre-processing module 220, the dependency parser 230,
and the term extractor 240 as described, to obtain a first
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textual statement parsed word group. The same or a similar
process may be performed on the second textual statement to
obtain a second textual statement parsed word group. In some
systems, the parsed word groups may be or contain VOP
triples. In other systems, various other terms may be included
in the parsed word groups.

Also in block 404, term pairs may be generated or other-
wise identified for the first textual statement parsed word
group and the second textual statement parsed word group. A
term pair may have a term from the first textual statement and
aterm from the second textual statement. The term pairs may,
for example, be or include like term types from the first
textual statement parsed word group and the second textual
statement parsed word group. For example, where the word
groups are VOP triples, the term pairs may be verb pairs,
object pairs, and prepositional pairs, as described. Other
examples are possible.

In block 406, term pair similarity scores are calculated for
each term pair individually. Calculation of the term pair simi-
larity scores may be performed, for example, by one or more
of'a parsed term matcher 250, a string matcher 270, a seman-
tic matcher 280, and a lexicon matcher 290.

In some methods, the term pair similarity score may be
calculated by first calculating a string similarity score, a
semantic similarity score, and a lexicon similarity score, as
described above. These scores may, for example, be calcu-
lated individually using the string matcher 270, semantic
matcher 280, and lexicon matcher 290. The term pair simi-
larity score may then be determined by taking the maximum
value of the string similarity score, semantic similarity score,
and lexicon similarity score.

FIG. 5 illustrates an alternative method for calculating the
term pair similarity score. The method in FIG. 5 begins at
block 502, where the term pair is identified.

At block 504, a string similarity score may be calculated
for the term pair. The string similarity score may be calcu-
lated, for example, using the string matcher 270 as previous
described, or in various other ways.

After the string similarity score has been calculated for the
term pair, the method may proceed to block 506. In block 506,
itmay be determined whether or not the string similarity score
indicates an exact match of the term from the first textual
statement and the term from the second textual statement. For
example, where an analysis of the string similarity score
shows that the string matcher 270 returned a value of “true” or
“1,” this may indicate a match of the term from the first textual
statement and the term from the second textual statement. In
some systems, the string matcher 270 may return a “true” or
“1” value when the base or stemmed various of the terms are
equal. Various other methods of determining whether or not
the string similarity score indicates an exact match are pos-
sible.

Ifthe determination is that that string similarity score does
indicate an exact match, the method may proceed to block
508, where the term pair similarity score equals the string
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similarity score. In some systems, one or more of the semantic
similarity score and lexicon similarity score cannot be greater
than a value of “1.” As such, since the string similarity score
equals “1” and since the term pair similarity score may be the
maximum of the string similarity score, the semantic similar-
ity score, and the lexicon similarity score, it may be unnec-
essary to calculate the semantic similarity score or lexicon
similarity score.

If, on the other hand, the determination indicates that the
string similarity score does not indicate an exact match, the
method may proceed to block 510. At block 510, the semantic
similarity score for the term pair is calculated, such as with the
semantic matcher 280 and using the semantic graph 282 as
described. At block 512, the lexicon similarity score for the
term pair is calculated, such as with the lexicon matcher 290
and using the lexicon 292 as described. Blocks 510 and 512
may be performed in either order or at the same time.

In block 514, the semantic similarity score may be com-
pared to the lexicon similarity score. Where the semantic
similarity score may be greater than the lexicon similarity
score, the method may proceed to block 516, where the term
pair similarity score is set to equal the semantic similarity
score. Alternatively, where the semantic similarity score is
not greater than the lexicon similarity score, the method may
proceed to block 518, where the term pair similarity score is
set to equal the lexicon similarity score.

Blocks 516 and 518 may be configured or set so that the
term pair similarity score is set to equal the greater of the
semantic similarity score and the lexicon similarity score. In
some methods, the string similarity score may not be needed
in the determination of block 514, such as where the string
similarity scoreis configured to return only one of two values:
“0” (or false) and “1” (or true). In these methods, because the
string similarity score did not equal “1” and the method
proceeded to blocks 510 and 512, the string similarity score
must be equal to “0.” As such, because the semantic similarity
score and the lexicon similarity score may have a value
between 0 and 1, the maximum of the string similarity score,
the semantic similarity score, and the lexicon similarity score
may be equal to the maximum of the semantic similarity score
and the lexicon similarity score.

In some methods where one of the term pairs is a preposi-
tional pair, the prepositional pair similarity score may be
calculated using the additional formulas previously
described, which may account for circumstances where one
of the textual statements includes a prepositional term while
the other does not. In other methods, this additional formula
may not be incorporated. Other variations or methods of
calculating the term pair similarity scores may be possible.

Returning to the method in FIG. 4, in block 408, the parsed
word similarity score may be calculated based on the term
pair similarity scores. Various methods, formulas, or algo-
rithms may be used to calculate the parsed word similarity
score. For example, the parsed word similarity score may be
calculated by taking the product of the term pair similarity
scores for each of the term pairs. Other methods of calculating
the parsed word similarity score are possible.

In block 410, word vectors for the first textual statement
and the second textual statement may be generated or other-
wise created. Generation of a first textual statement word
vector or a second textual statement word vector may be
performed as previously described. The word vectors may be
weighted. For example, in some methods, certain term types
such as verbs, objects, and prepositions may be given a larger
weight than other terms. Various other ways of generating or
otherwise creating word vectors may be possible.
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In block 412, a word vector similarity score may be calcu-
lated. The word vector similarity score may indicate or oth-
erwise represent a similarity between the first textual state-
ment word vector and the second textual statement word
vector. The word vector similarity score may be calculated in
various ways. For example, in some methods, the word vector
similarity score may be calculated by taking the dot product
of the first textual statement word vector and the second
textual statement word vector. Various other examples or
calculations are possible.

In block 414, an overall match score, such as match score
290, may be calculated. FIG. 6 illustrates one method of
calculating the match score. In block 602, the parsed word
similarity score for the term pairs may be calculated, such as
in any of the manners previously discussed. In block 604, the
word vector similarity score may be calculated, such as in any
of the manners previously discussed. Blocks 602 and 604
may be performed in any order or at the same time.

At block 606, a comparison of the parsed word similarity
score and the word vector similarity score may be performed.
Where the comparison or determination indicates that the
parsed word similarity score is greater than the word vector
similarity score, the method may proceed to block 608, where
the overall match score may be considered to be the parsed
word similarity score. Where the comparison or determina-
tion indicates that the parsed word similarity score is not
greater than the word vector similarity score, the method may
proceed to block 610, where the overall match score may be
considered to be the word vector similarity score. Blocks 606,
608, and 610 may be configured or otherwise designed so that
the match score is equal to the maximum of the parsed word
similarity score and the word vector similarity score. Various
other ways of calculating the overall match score may be
possible.

Blocks 404, 406, 408, 410, and 412 may be performed in
various orders. In some systems, while blocks 404, 406, and
408 may need to be performed in the order shown in FIG. 4,
and while blocks 410 and 412 may need to be performed in
the order shown, the performance of any of these two sets of
blocks may performed at any time or in any order. For
example, blocks 404 and 410 may be performed initially or in
various orders, while the calculations in blocks 406, 408, and
412 may be performed thereafter. In other systems blocks 410
and 412 may be performed prior to blocks 404, 406, and 408.
Various other examples are possible.

The generation of a match score for a first textual statement
and a second textual statement may be beneficial. For
example, where match scores are generated for a first textual
statement and each of several second textual statements, the
match scores may then be compared to determine which of
the several second textual statements most closely matches
the first textual statement. As an example, a first textual state-
ment “A” may be compared to second textual statements “B,”
“C,” and “D,” such as by performing the method of FIG. 4
once for each of the second textual statements “B,” “C,” and
“D,” to generate three match score MSz, MS ., and MS,,. By
comparing the match scores, the system may determine
which of'the statements “B,”“C,” and “D” most closely match
“A” Where, for example, MS,>MS ->MS;, the system may
determine that the textual statement “D” may be the closest
match to the first textual statement “A,” followed by the
textual statement “C,” with the textual statement “B” match-
ing the least.

FIG. 7 depicts one method of identifying textual relation-
ship and displaying results based on the identification. The
method of FIG. 7 is described as being used with requirement
statements 210 and capability statements 205, but may be
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used with any system having one or more statements of a first
type and one or more statements of a second type.

The method of FIG. 7 may be useful, for example, where an
enterprise has offered a set of requirement statements 210. A
system, such as matching system 200, may wish to compare
the requirement statements 210 to one or more, such as each
and every, capability statement 205 in a process model. Such
a comparison may be desired, for example, to identify the
capability statements 205 that most closely match each of the
requirement statements 210.

The method may begin at block 702 where a first require-
ment statement 210 may be identified. This may be the first
requirement statement 210 which the matching system 200
wishes to analyze or compare to capability statements in a
process model.

At block 704, a first capability statement 205 may be iden-
tified. At block 706, the requirement statement 210 may be
compared to the capability statement 205. At block 708, a
match score for the requirement statement 210 and the capa-
bility statement 205 may be calculated or determined. Com-
parison of the requirement statement 210 and the capability
statement 205 and calculation of a match score may be per-
formed in various manners, such as those previously
described.

At block 710, a determination may be made as to whether
the first requirement statement 210 has been compared to
each capability statement 205. Where capability statements
205 remain which have not yet been compared to the require-
ment statement 210, the method may return to block 704,
where a new, previously uncompared capability statement
205 may be identified and compared to the requirement state-
ment 210 to calculate a match score. This process may con-
tinue until all of the capability statements 205 have been
compared to the requirement statement 210, and match scores
have been calculated for each of the comparisons.

After all capability statements 205 have been compared to
the requirement statement 210, the method may proceed to
block 712, where a determination may be made as to whether
or not all of the requirement statements 210 have been con-
sidered. Where one or more requirement statements 210
remain that have not yet been compared to any capability
statements 205, the method may return to block 702 where a
new, uncompared requirement statement 210 may be identi-
fied or otherwise selected. From block 702, the method may
again proceed through blocks 704, 706, 708, and 710 until the
new, uncompared requirement statement 210 has been com-
pared to each and every capability statement 205.

When the new, uncompared requirement statement 210 has
been compared to each and every capability statement 205
and match scores have been calculated for each comparison,
the method may again return to block 712. This process may
continue until all requirement statements 710 have been com-
pared to all capability statements, with match scores for each
comparison having been generated. At that point, the method
may proceed to block 714.

At block 714, matching capability statements 205 may be
displayed for each requirement statement 210 based on the
calculated match scores. For example, where a requirement
statement 210 was compared to capability statements “B,”
“C,” and “D,” generating three match score MS;, MS ., and
MS,,, the system may determine that the capability statement
“D” may be the closest match to the requirement statement
210, followed by the textual statement “C,” with the textual
statement “B” matching the least. One or more of the matched
capability statements may be displayed for the requirement
statement 210. In some systems, capability statement “D”
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would be displayed first, followed by capability statement
“C” and lastly by capability statement “B.”

In some systems, all capability statements 205 may be
displayed for each requirement statement 210. In other sys-
tems, only capability statements 205 which generate a non-
zero match score may be displayed for each requirement
statement 210. In some systems, only a first number of match-
ing capability statements, such as the ten capability state-
ments 205 with the highest match scores, may be displayed
for each requirement statement 210.

In other systems, a threshold may be set, such that only
those capability statements 205 with a match score above the
threshold may be displayed for the requirement statement
210. For example, any matching capability statement with a
match score of 0.625 or higher may be automatically mapped
and shown or displayed to the user. In this example, a graph,
such as the graph shown in FIG. 8, may aid in determining the
threshold value. The graph in FIG. 8 illustrates experimental
results using the matching system 200 to identify textual
relationships, showing precision, recall, and F1 metrics based
on various threshold values. The graph in FIG. 8 shows that at
the threshold value of 0.625, high values for precision, recall,
and F1 metrics may be achieved. Various other examples are
possible.

FIG. 9 is a screen shot showing a graphical user interface
900, associated with a system for identifying textual relation-
ships and mapping process model capabilities and client
requirements into a project scope specification. The graphical
user interface 900 may include one or more panels. For
example, the graphical user interface 900 may include a
project model display 910 showing a hierarchical arrange-
ment of capabilities of a project model. The project model
hierarchy may depict one or more sub-notes and one or more
reusable requirements, such as requirements from the process
model, standard requirements, or commonly used comments.
A system associated with this graphical user interface 900
may read a user specified process model file and display its
contents in the project model display 910.

The graphical user interface 900 may additionally or alter-
natively include a client requirements display 920, which
may list or otherwise include one or more requirements speci-
fied by an enterprise or client. The graphical user interface
900 may also or alternatively include a project scope speci-
fication display 930 which may show a result of the mapped
process model capabilities to the client requirements. The
project scope specification display 930 may, for example,
show process model elements which may be automatically
mapped to one or more textual requirements. The project
scope specification may, for example, have one or more
nodes, reusable requirements, and common requirements.

As shown in FIG. 9, one or more capabilities of a project
model, such as capability 941, may be listed in a project
model display. Additionally, one or more textual require-
ments, such as requirements 951 and 952, may be shown in
the client requirements display 920. In the example shown in
FIG. 9, each of these requirements 951 and 952 may be
automatically mapped to the capability 941, and displayed as
mapped requirements 961 and 962 in the project scope speci-
fication display 930. The project scope specification may
translate the mappings into a parent-child relationship where
such a relationship exists. Various other examples are pos-
sible.

While the above described methods and systems may refer
to a comparison or other determination as to whether one
element is greater than or equal to a second element, in some
embodiments one or more of these comparisons may be
replaced by a comparison or other determination as to
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whether one element is greater than a second element. Simi-
larly, comparisons or other determinations described as being
“greater than” may also be replaced with “greater than or
equal to.” While the above described methods may refer to a
comparison or other determination as to whether one element
is less than or equal to a second element, in some embodi-
ments one or more of these comparisons may be replaced by
a comparison or other determination as to whether one ele-
ment is less than a second element. Similarly, comparisons or
other determinations described as being “less than™ may also
be replaced with “less than or equal to.” Comparisons or other
determinations made which require an element to “exceed” a
second element may be replaced by comparisons or other
determinations which require an element to “exceed or equal”
a second element, and vice versa.

One or more of matching system 200, pre-processing mod-
ule 220, dependency parser 230, term extractor 240, parsed
term matcher 250, word vector matcher 260, string matcher
270, semantic matcher 280, lexicon matcher 290, semantic
graph 282, and lexicon 292 may be or may include a portion
orall of one or more computing devices of various kinds, such
as the computing device in FIG. 10. FIG. 10 illustrates an
example of a general computer system designated 1000. Any
of the components from the matching system 200, pre-pro-
cessing module 220, dependency parser 230, term extractor
240, parsed term matcher 250, word vector matcher 260,
string matcher 270, semantic matcher 280, lexicon matcher
290, semantic graph 282, or lexicon 292 may include a por-
tion or all of the computer system 1000. The computer system
1000 can include a set of instructions that can be executed to
cause the computer system 1000 to perform any one or more
of the methods or computer based functions disclosed. The
computer system 1000 may operate as a standalone device or
may be connected, e.g., using a network, to other computer
systems or peripheral devices.

In a networked deployment, the computer system 1000
may operate in the capacity of a server or as a client user
computer in a server-client user network environment, or as a
peer computer system in a peer-to-peer (or distributed) net-
work environment. The computer system 1000 can also be
implemented as or incorporated into various devices, such as
apersonal computer (PC), a tablet PC, a set-top box (STB), a
personal digital assistant (PDA), a mobile device, a palmtop
computer, a laptop computer, a desktop computer, a commu-
nications device, a wireless telephone, a land-line telephone,
a control system, a camera, a scanner, a facsimile machine, a
printer, a pager, a personal trusted device, a web appliance, a
network router, switch or bridge, or any other machine
capable of executing a set of instructions (sequential or oth-
erwise) that specify actions to be taken by that machine.
Further, while a single computer system 1000 is illustrated,
the term “system” shall also be taken to include any collection
of'systems or sub-systems that individually or jointly execute
a set, or multiple sets, of instructions to perform one or more
computer functions.

As illustrated in FIG. 10, the computer system 1000 may
include a processor 1002, e.g., a central processing unit
(CPU), a graphics processing unit (GPU), or both. The pro-
cessor 1002 may be a component in a variety of systems. For
example, the processor 1002 may be part of a standard per-
sonal computer or a workstation. The processor 1002 may be
one or more general processors, digital signal processors,
application specific integrated circuits, field programmable
gate arrays, servers, networks, digital circuits, analog circuits,
combinations thereof, or other now known or later developed
devices for analyzing and processing data. The processor
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1002 may implement a software program, such as code gen-
erated manually (i.e., programmed).

The term “module” may be defined to include a plurality of
executable modules. As described herein, the modules are
defined to include software, hardware or some combination
thereof executable by a processor, such as processor 1002.
Software modules may include instructions stored in
memory, such as memory 1004, or another memory device,
that are executable by the processor 1002 or other processor.
Hardware modules may include various devices, compo-
nents, circuits, gates, circuit boards, and the like that are
executable, directed, or otherwise controlled for performance
by the processor 1002.

The computer system 1000 may include a memory 1004,
such as a memory 1004 that can communicate via a bus 1008.
The memory 1004 may be a main memory, a static memory,
or a dynamic memory. The memory 1004 may include, but is
not limited to computer readable storage media such as vari-
ous types of volatile and non-volatile storage media, includ-
ing but not limited to random access memory, read-only
memory, programmable read-only memory, electrically pro-
grammable read-only memory, electrically erasable read-
only memory, flash memory, magnetic tape or disk, optical
media and the like. In one example, the memory 1004
includes a cache or random access memory for the processor
1002. In alternative examples, the memory 1004 is separate
from the processor 1002, such as a cache memory of a pro-
cessor, the system memory, or other memory. The memory
1004 may be an external storage device or database for stor-
ing data. Examples include a hard drive, compact disc
(“CD”), digital video disc (“DVD”), memory card, memory
stick, floppy disc, universal serial bus (“USB”) memory
device, or any other device operative to store data. The
memory 1004 is operable to store instructions executable by
the processor 1002. The functions, acts or tasks illustrated in
the figures or described may be performed by the pro-
grammed processor 1002 executing the instructions stored in
the memory 1004. The functions, acts or tasks are indepen-
dent of the particular type of instructions set, storage media,
processor or processing strategy and may be performed by
software, hardware, integrated circuits, firm-ware, micro-
code and the like, operating alone or in combination. Like-
wise, processing strategies may include multiprocessing,
multitasking, parallel processing and the like.

As shown, the computer system 1000 may or may not
further include a display unit 1010, such as a liquid crystal
display (LCD), an organic light emitting diode (OLED), a flat
panel display, a solid state display, a cathode ray tube (CRT),
a projector, a printer or other now known or later developed
display device for outputting determined information. The
display 1010 may act as an interface for the user to see the
functioning of the processor 1002, or specifically as an inter-
face with the software stored in the memory 1004 or in the
drive unit 1016.

Additionally, the computer system 1000 may include an
input device 1012 configured to allow a user to interact with
any of the components of system 1000. The input device 1012
may be a number pad, a keyboard, or a cursor control device,
such as a mouse, or a joystick, touch screen display, remote
control or any other device operative to interact with the
computer system 1000.

The computer system 1000 may also include a disk or
optical drive unit 1016. The disk drive unit 1016 may include
a computer-readable medium 1022 in which one or more sets
ofiinstructions 1024, e.g. software, can be embedded. Further,
the instructions 1024 may embody one or more of the meth-
ods or logic as described. In a particular example, the instruc-
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tions 1024 may reside completely, or at least partially, within
the memory 1004 or within the processor 1002 during execu-
tion by the computer system 1000. The memory 1004 and the
processor 1002 also may include computer-readable media as
discussed above.

The present disclosure contemplates a computer-readable
medium that includes instructions 1024 or receives and
executes instructions 1024 responsive to a propagated signal
so that a device connected to a network 1026 can communi-
cate voice, video, audio, images or any other data over the
network 1026. Further, the instructions 1024 may be trans-
mitted or received over the network 1026 via a communica-
tion port or interface 1020 or using a bus 1008. The commu-
nication port or interface 1020 may be a part of the processor
1002 or may be a separate component. The communication
port 1020 may be created in software or may be a physical
connection in hardware. The communication port 1020 may
be configured to connect with a network 1026, external
media, the display 1010, or any other components in system
1000, or combinations thereof. The connection with the net-
work 1026 may be a physical connection, such as a wired
Ethernet connection or may be established wirelessly as dis-
cussed later. Likewise, the additional connections with other
components of the system 1000 may be physical connections
or may be established wirelessly. The network 1026 may
alternatively be directly connected to the bus 1008.

The network 1026 may include wired networks, wireless
networks, Ethernet AVB networks, or combinations thereof.
The wireless network may be a cellular telephone network, an
802.11, 802.16, 802.20, 802.1Q or WiMax network. Further,
the network 1026 may be a public network, such as the Inter-
net, a private network, such as an intranet, or combinations
thereof, and may utilize a variety of networking protocols
now available or later developed including, but not limited to
TCP/IP based networking protocols.

While the computer-readable medium is shown to be a
single medium, the term “computer-readable medium” may
include a single medium or multiple media, such as a central-
ized or distributed database, and associated caches and serv-
ers that store one or more sets of instructions. The term
“computer-readable medium” may also include any medium
that is capable of storing, encoding or carrying a set of instruc-
tions for execution by a processor or that cause a computer
system to perform any one or more of the methods or opera-
tions disclosed. The “computer-readable medium” may be
non-transitory, and may be tangible.

In an example, the computer-readable medium can include
a solid-state memory such as a memory card or other package
that houses one or more non-volatile read-only memories.
Further, the computer-readable medium can be a random
access memory or other volatile re-writable memory. Addi-
tionally, the computer-readable medium can include a mag-
neto-optical or optical medium, such as a disk or tapes or
other storage device to capture carrier wave signals such as a
signal communicated over a transmission medium. A digital
file attachment to an e-mail or other self-contained informa-
tion archive or set of archives may be considered a distribu-
tion medium that is a tangible storage medium. Accordingly,
the disclosure is considered to include any one or more of a
computer-readable medium or a distribution medium and
other equivalents and successor media, in which data or
instructions may be stored.
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In an alternative example, dedicated hardware implemen-
tations, such as application specific integrated circuits, pro-
grammable logic arrays and other hardware devices, can be
constructed to implement various parts of the system. Appli-
cations that may include the apparatus and systems can
broadly include a variety of electronic and computer systems.
One or more examples described may implement functions
using two or more specific interconnected hardware modules
or devices with related control and data signals that can be
communicated between and through the modules, or as por-
tions of an application-specific integrated circuit. Accord-
ingly, the present system encompasses software, firmware,
and hardware implementations.

The system described may be implemented by software
programs executable by a computer system. Further, in a
non-limited example, implementations can include distrib-
uted processing, component/object distributed processing,
and parallel processing. Alternatively, virtual computer sys-
tem processing can be constructed to implement various parts
of'the system.

The system is not limited to operation with any particular
standards and protocols. For example, standards for Internet
and other packet switched network transmission (e.g., TCP/
1P, UDP/IP, HTML, HTTP) may be used. Such standards are
periodically superseded by faster or more efficient equiva-
lents having essentially the same functions. Accordingly,
replacement standards and protocols having the same or simi-
lar functions as those disclosed are considered equivalents
thereof.

An evaluation of the systems and methods of identifying
textual relationships was performed on a requirements docu-
ment from a project team who wanted to map their require-
ments to an industry-specific process model. The project was
from a chemicals company and the requirements covered
different aspects to their multi-national supply chain process
such as accepting customer orders, fulfilling the orders,
invoicing for the order and shipping the orders. Some of the
requirements were about Order-to-Cash requirements, while
others included aspects in them such as dealing with danger-
ous goods and manufacturing. The client requirements were
mapped to a standardized “ERP Process Model for the
Chemical Industry” created by a different group. The process
model used included 3116 capabilities. The client provided a
document with 189 requirements. The requirements provided
by the client were used as-is, so some requirements were
well-formed while others were not.

Two kinds of experiments were performed. For the first
experiment, the matching system 200 was compared to a
number of other approaches. For the second experiment, a
case study with 6 potential users was conducted. Half of the 6
potential users manually mapped requirements to the process
model, while the other half mapped it using the matching
system 200 as a starting point.

Both the experimental results were evaluated using a gold
standard developed by three domain experts. The team of
three domain experts created a gold standard collaboratively
in a democratic manner. For a requirement, each member
suggested all the different mappings it had to the process
model. For a mapping to be accepted in the gold standard,
agreement at least two of the three members was needed. The
gold standard contained 334 mappings between the require-
ments and the process model capabilities. Out of the 189
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requirements, 42 requirements were not mapped to any capa-
bility, because they did not have any corresponding capabili-
ties in the process model. Additionally, many requirements
were mapped to more than one process model capability.

Three standard IR parameters were used in evaluating the
results of the experiments: precision, recall and f-measure. To
calculate these parameters, the mappings generated by the
matching system 200 or humans were classified as one of the
following:

1) True Positive(T P): A mapping (generated by the match-
ing system 200 or manually) is considered a True Posi-
tive if it already exists in the gold standard.

2) False Positive(F P): A mapping (generated by the match-
ing system 200 or manually) is considered a False Posi-
tive if it does not exist in the gold standard.

3) False Negative(F N): A mapping that exists in the gold
standard, but is not generated is considered a False
Negative.

Based on these classifications, the precision was calculated
as

TP
(7 7p)

Recall was calculated as:

TP
(7o)

f-measure (F1) was calculated as the harmonic mean of pre-
cision and recall.

Table V below shows precision, recall and F1 score results
for the first experiment for different matching strategies. The
results of Table V illustrate that the fifth approach tried
(Weighted Cosine+VOP+Semantic Graphs), which was used
by the matching system 200 for matching requirements
against capabilities, yielded better F1 scores than any other
strategy.

TABLEV
Approach Precision  Recall  F1
1 TF-IDF 0.16 0.03  0.05
2 Sentence Similarity [20] 0.11 0.33 0.17
3 Weighted Cosine + Semantic Graph [9] 0.87 0.27 041
4 Weighted Cosine + YOP 0.74 0.37 0.49
5 Weighted Cosine + YOP + Semantic 0.73 0.62 0.67

Graph

The first approach, based on our implementation of TF-
IDF (Term Frequency Inverse Document Frequency) based
cosine similarity, produced very low scores in both precision
(0.16) and recall (0.03). Two possible reasons exists for these
low scores: 1) The first approach did not use domain-specific
information and 2) Using IDF decreases the weight of fre-
quently used terms, but for this matching problem, frequently
used terms are important since most capabilities represent
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different kinds of operations of similar objects such as
invoice.

The second approach was based generally on a lexicon
similarity score as described above, and produced a higher
recall (0.33) because it used a language tool such as lexicon
292. However, the second approach still suffered from poor
precision (0.11). This is because a general purpose lexical
database like the lexicon 292 may not be enough to disam-
biguate between domain specific entities (objects), such as
the ones used in the requirements and the process model.

The third approach, using a weighted cosine with semantic
graphs, produced high precision (0.87) and slightly lower
recall (0.27) than the Sentence Similarity based approach.
This shows the value of the domain-specific semantic model.

In the fourth approach (Weighted Cosine+VOP), the intro-
duction of VOP improves the recall (0.37) significantly while
keeping a higher precision (0.74). This may demonstrate that
VOP gives importance to the structure of the sentence in ways
superior to the first three approaches, and therefore helps to
find more correct mappings.

Finally, the fifth approach (Weighted Cosine+VOP+Se-
mantic Graphs), as implemented and used in matching system
200, combines the benefits of using a Semantic Graph along
with rule based parsing and cosine similarity and maintains a
high precision (0.73) with the highest recall (0.62). We
experimentally determined the threshold for approach to be
0.625 based on the curves for precision and recall shown in
FIG. 8.

The second experiment was a case study to identify, deter-
mine, or verify if there is statistical evidence that demon-
strates that users find more mapping (higher recall) that are
more accurate (higher precision) with the help of matching
system 200 than with a manual approach. For this study, six
participants with varying amounts of experience and knowl-
edge about the chemical industry were used. Three of them
were randomly chosen to perform the task of mapping the
requirements document to the process model. They were
given a requirements document and a process model in two
tabs of a Microsoft Excel sheet and were free to use keyword
based search provided by Excel. The other three were asked to
perform the same task with the help of the matching system
200, i.e., their starting point was a set of mappings generated
by the matching system 200, provided through interfaces and
displays provided by the matching system 200 similar to
those shown in FIGS. 9-16.

Null and Alternate hypotheses were introduced in the sec-
ond experiment to study a directionality of means of precision
and recall for the group using the matching system 200 and
the group creating the mapping manually.

ProcGap

Null Hypothesis Hr,: 1,.,...7

Manual
“Hoecan =0

ProcGap

Alternate Hypothesis Hr: 1.7 Manuals, ()

oecan

ProcGap Manual<0

Null Hypothesis Hpg: W, eerision
Alternate
Hp,:
Table VI, shown below, illustrates the precision, recall and
F1 scores for the six participants from the second experiment.

_l‘lprecision

Hypothesis
ProcGap Manual>0

l‘lprecision _l‘lprecision
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TABLE VI
Participant 1 Participant 2 Participant 3 Average
Precision Recall  F1 Precision Recall  F1 Precision Recall F1  Precision Recall F1
User Group 0.87 0.68 0.76 0.77 0.72  0.74 0.78 0.73 0.75 0.81 0.71 0.75
with System
Participant 4 Participant 5 Participant 6 Average
Precision Recall  F1 Precision Recall  F1 Precision Recall F1  Precision Recall F1
User Group 0.29 0.04  0.08 0.37 0.08 0.13 0.37 0.04  0.08 0.34 0.06 0.09
with manual
approach

The average recall by the group that used matching system
200 was 0.71 and the average recall by the group that created
the mappings manually was 0.06. Table VI shows that users
were ableto find significantly more mappings with the help of
the matching system 200. There may be at least two reasons
for these positive results: 1) users may be overwhelmed by the
size of the requirements document and capability model; and
2) users may not be able to get beyond simple keyword
search, only getting the most obvious results.

Table VI also shows that the average precision by the group
that used the matching system 200 was 0.81 while the average
precision by the group that created the mappings manually is
0.34. This may be explained by the fact that the users may go
for the most obvious match and may not apply any thresholds
ororder any possible results by a match score. Another reason
for better recall by the group using the matching system 200
may be that the matching system 200 may have presented a
number of other mappings in the same local regions of the
process model, which they were able to easily find.

A pairwise T-test at a 0.01 level of significance was per-
formed for the values for recall for both the groups. The t
value (0.000114) was found to be less than the level of sig-
nificance (0.01), and so the null hypothesis Hr, was rejected
in light of the results, allowing for a conclusion that Hr,, is
true. A pairwise T-test at a 0.01 level of significance was also
performed for the values for precision for both the groups.
The t value (1.19x107°) was found to be less than the level of
significance (0.01), and so the null hypothesis HP, was
rejected in light of the results, allowing for a conclusion that
HP, is true. Both the populations were normally distributed
with the equal (true) variance. Hence the ratio between the
larger standard deviation and the smaller standard deviation
was less than 2. As such, it can be concluded that the results
were statistically significant. The case study allowed for a
rejection of the null hypotheses—Hr, and Hp,,, and an accep-
tance of the null hypotheses—Hr, and H,,. As such, the results
supported a conclusion that the group using the matching
system 200 significantly outperformed the manual group,
both in terms of precision and recall.

While the second experiment only included six partici-
pants, the size of the requirements document and process
model was substantially large, and both the groups also had
very low standard deviation. Additionally, the users were only
given two hours to perform the mapping, though it is believed
that the time is representative of the amount of time project
team members may normally be able to dedicate to this task.

The matching system 200 and methods described herein
may differ from previous references and provide one or more
benefits, such as:

1) The matching system 200 use a combination of NL.P and

IR techniques to provide a benefit from both types of
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approaches and handle requirements that are well writ-
ten and can easily be parsed, such as using a NLP parser,
or requirements that are poorly written or complex and
cannot be parsed, such as using an IR technique.

2) The matching system 200 includes a developed rule
based approach to leverage a dependency tree. This
allows handling some linguistic complexity that an
approach based on syntactic/shallow parsing alone may
not be able to handle.

3) The matching system 200 may use and leverage a semi-
automatically generated semantic graph 282 represent-
ing domain knowledge to assist with the matching.

The matching system 200 and the methods herein may use
dependency parsing as well as leveraging of a semantic graph
282, in addition to a lexicon 292, to perform matching. Addi-
tionally, the matching system 200 and methods may employ
word vector matching, such as cosine similarity, for matching
sentences that hard to syntactically parse. The addition of
parsed word matching, such as with the VOP matching which
may be performed by a parsed term matcher 250, with the use
ofword vector matching, may allow the matching system 200
to perform better than by just using word vector matching.

The matching system 200 and methods may help users map
natural language requirements to process models. The match-
ing system 200 and methods may use a combination of NLP
techniques and IR techniques, creating and building on tools
such as a dependency parser 230, semantic graph 282 and
lexicon 292 to extract structured content from requirements
and map it to process model elements. Two possible aspects to
the present approach may include: 1) using a combination of
IR and rule based techniques over dependency parsing that
allow the matching system 200 to automatically match both
well-formed or poorly formed requirements and capabilities;
and 2) leveraging a semi-automatically generated semantic
graph 282 that may be more suited for the domain-specific
process models than a general purpose lexicon or other lexi-
con 292.

While various embodiments of the disclosure have been
described, it will be apparent to those of ordinary skill in the
art that many more embodiments and implementations are
possible within the scope of the disclosure. Accordingly, the
disclosure is not to be restricted except in light of the attached
claims and their equivalents.

We claim:
1. A computer-implemented method for identifying textual
statement relationships, the method comprising:

identifying a textual statement pair that includes a first
textual statement and a second textual statement, the first
textual statement comprising a first set of words and the
second textual statement comprising a second set of
words;
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removing, by a pre-processing module, non-alpha numeric
characters from the first textual statement and the second
textual statement;

communicating, by the pre-processing module, the pre-

processed first textual statement and second textual
statement to a processor;

extracting, by the processor, a first parsed word group from

the first textual statement and a second parsed word
group from the second textual statement, wherein each
parsed word group is a verb-object-preposition (VOP)
triple including a verb, an object, and a preposition from
each respective textual statement;

comparing, for the textual statement pair, the first parsed

word group and the second parsed word group; and

calculating, through the use of the processor, a parsed word

score for the textual statement pair, wherein the parsed

word score is based on the comparison of the first parsed

word group and the second parsed word group;

determining a match score for the textual statement pair

based on the parsed word score wherein calculating the

parsed word score for the textual statement pair com-

prises:

extracting, through the use of the processor, a parsed
word group pair from the textual statement pair,
wherein the parsed word group pair includes a plural-
ity of term pairs, the plurality of term pairs including
a verb pair comprising a verb from the VOP triple for
the first word group and a verb from the VOP triple for
the second word group, an object pair comprising an
object from the VOP triple for the first word group and
an object from the VOP triple for the second word
group, and a preposition pair comprising a preposi-
tion from the VOP triple for the first word group and
a preposition from the VOP triple for the second word
group;

calculating a verb pair sub-score, an object pair sub-
score, and a preposition pair sub-score, the calcula-
tion of each pair sub-score based on a string similarity,
a semantic similarity, and a lexicon similarity
between each verb, object, or preposition of the
respective verb pair, object pair, or preposition pair;
and

wherein the parsed word score is the product of at least
one of the verb pair sub-score, the object pair sub-
score, and the preposition pair sub-score;

generating, by the processor, a user interface configured to

depict one or more first textual statements and one or
more second textual statements along with one or more
match indicators that visually indicate a match between
one or more of the first textual statements and one or
more of the second textual statements;

communicating, by a graphics processor in communica-

tion with the processor and a display the generated user
interface to thereby cause the display to visually display
the generated user interface.

2. The method of claim 1, wherein the first textual state-
ment is selected from a first set of textual statements, and
wherein the second textual statement is selected from a sec-
ond set of textual statements.

3. The method of claim 2, wherein the first set of textual
statement is a set of requirement statements and the second set
of textual statements is a set of process model capabilities.

4. The method of claim 3, wherein match scores are deter-
mined for a plurality of textual statement pairs, each textual
statement pair including one requirement statement from the
set of requirement statements and one capability statement
from the set of process model capabilities.
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5. The method of claim 4, further comprising visually
displaying, for each requirement statement, a list of capability
statements included in textual statement pairs that also
include the requirement statement.

6. The method of claim 5, wherein each list of the capabil-
ity statements is ordered based on the match score for the
textual statement pair that includes the requirement statement
and the respective capability statement.

7. The method of claim 1, wherein

calculating the verb pair sub-score, the object pair sub-

score, and the preposition pair sub-score comprises:

calculating a string similarity score, the string similarity
score based on a string comparison of a base word of
each verb, object, or preposition of the verb pair,
object pair, or preposition pair, respectively;

calculating a semantic similarity score, the semantic
similarity score based on a semantic relationship
between each verb, object, or preposition of the verb
pair, object pair, or preposition pair;

calculating a lexicon similarity score, the lexicon simi-
larity score based on relative positions in a taxonomy
of each verb, object, or preposition of the verb pair,
object pair, or preposition pair; and

comparing the string similarity score, the semantic simi-
larity score, and the lexicon similarity, wherein the
pair sub-score is based on at least one of the string
similarity score, the semantic similarity score, and the
lexicon similarity score; and

wherein the parsed word score is the product of at least one

of the verb pair sub-score, the object pair sub-score, and
the preposition pair sub-score.

8. The method of claim 1, wherein

calculating the verb pair sub-score, the object pair sub-

score, and the preposition pair sub-score comprises:

calculating a string similarity score, the string similarity
score based on a string comparison of a base word of
each verb, object, or preposition of the verb pair,
object pair, or preposition pair, respectively;

calculating a semantic similarity score and a lexicon
similarity score when the string similarity score does
not indicate a string match of a base word of each
verb, object, or preposition of the verb pair, object
pair, or preposition pair, respectively;

comparing the semantic similarity score and the lexicon
similarity score when the string similarity score does
not indicate a string match of a base word of each
verb, object, or preposition of the verb pair, object
pair, or preposition pair, respectively;

wherein the sub-score is the string similarity score when
the string similarity score indicates a string compari-
son of a base word of each verb, object, or preposition
of'the verb pair, object pair, or preposition pair respec-
tively; and

wherein the sub-score is a maximum of the semantic
similarity score and the lexicon similarity score when
the string similarity score does not indicate a string
match of a base word of each verb, object, or prepo-
sition of the verb pair, object pair, or preposition pair
respectively; and

wherein the parsed word score is the product of at least one

of the verb pair sub-score, the object pair sub-score, and
the preposition pair sub-score.

9. The method of claim 1, wherein calculating the verb pair
sub-score, the object pair sub-score, and the preposition pair
sub-score comprises:

calculating a string similarity score, the string similarity

score based on a string comparison of a base word of
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each verb, object, or preposition of the verb pair, object
pair, or preposition pair, respectively; and

using the string similarity score as the pair sub-score when
the string similarity score indicates a string comparison
of'a base word of each verb, object, or preposition of the
verb pair, object pair, or preposition pair, respectively.

10. The method of claim 1, further comprising:

creating a first word vector based on the first set of words;

creating a second word vector based on the second set of
words;

comparing, for the textual statement pair, the first word
vector and the second word vector; and

calculating, through the use of the at least one processor, a
word vector score for the textual statement pair, wherein
the word vector score is based on the comparison of the
first word vector and the second word vector; and

determining the match score for the textual statement pair
based on the word vector score.

11. The method of claim 10, wherein the word vector score
for the textual statement pair is based on the first word vector
and the second word vector.

12. The method of claim 10, wherein the first word vector
includes a numerical value for each of the first set of words,
and wherein the second word vector includes a numerical
value for each of the second set of words.

13. The method of claim 12, wherein a numerical value for
a word from the first or second set of words is increased when
the word is a verb, object, or preposition.

14. A system for textual statement relationship identifica-
tion, the system comprising:

a database configured to store a first set of textual state-

ments and a second set of textual statements;
a text analysis system comprising a pre-processing mod-
ule, a processor, non-transitory computer readable stor-
age medium, and a graphics processor wherein:
the pre-processing module is configured to remove non-
alpha numeric characters from one or more textual state-
ments;
the processor is in communication with the pre-processing
module and is configured to receive pre-processed tex-
tual statements;
the non-transitory computer readable storage medium has
stored therein data instructions executable by the pro-
cessor to cause the processor to perform acts of:
identifying a textual statement pair that includes a first
textual statement and a second textual statement, the
first textual statement comprising a first set of words
and the second textual statement comprising a second
set of words;

extracting a parsed word group pair from the textual
statement pair, where the parsed word group pair
includes a first parsed word group from the first tex-
tual statement and a second parsed word group from
the second textual statement, wherein the parsed word
group pair includes a plurality of term pairs, the plu-
rality of term pairs including a verb pair comprising a
verb from the first word group and a verb from the
second word group, an object pair comprising an
object from the first word group and an object from
the second word group, and a preposition pair com-
prising a preposition from the first word group and a
preposition from the second word group;

comparing, for the textual statement pair, the first parsed
word group and the second parsed word group;

calculating a verb pair sub-score, an object pair sub-
score, and a preposition pair sub-score based on com-
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parison of the textual statement pair, the first parsed
word group and the second parsed word group;

calculating, a parsed word score for the textual statement
pair, wherein the parsed word score is based on com-
parison of the first parsed word group and the second
parsed word group wherein the parsed word score is a
product of at least one of the verb pair sub-score, the
object pair sub-score, and the preposition pair sub-
score;

determining a match score for the textual statement pair
based on the parsed word score; and

generating a user interface configured to depict one or
more first textual statements and one or more second
textual statements along with one or more match indi-
cators that visually indicate a match between one or
more of the first textual statements and one or more of
the second textual statements;

communicating the generated user interface to the graphics

processor; and

the graphics processor is in communicating with a display

to thereby cause the display to visually display the gen-
erated user interface.

15. The system of claim 14, wherein the first textual state-
ment is a requirement statement selected from a set of require-
ment statements, and wherein the second textual statement is
a capability statement selected from a set of process model
capabilities.

16. The system of claim 15, wherein the instructions to
determine the match score comprises instruction to determine
aplurality of match scores for a plurality of textual statement
pairs, each textual statement pair including one requirement
statement from the set of requirement statements and one
capability statement from the set of process model capabili-
ties.

17. The system of claim 16, wherein the storage medium
further comprises instructions to visually display, for each
requirement statement, a list of capability statements
included in textual statement pairs that also include the
requirement statement.

18. The system of claim 17, wherein the storage medium
further comprises instructions to order each list of the capa-
bility statements based on the match score for the textual
statement pair that includes the requirement statement and the
respective capability statement.

19. The system of claim 14, wherein each parsed word
group is a verb-object-preposition (VOP) triple including a
verb, an object, and a preposition from each respective textual
statement.

20. The system of claim 19, wherein the instructions to
calculate the parsed word score for the textual statement pair
comprises:

instructions to calculate a verb pair sub-score, an object

pair sub-score, and a preposition pair sub-score, the

calculation of each pair sub-score comprising:

instructions to calculate a string similarity score, the
string similarity score based on a string comparison of
abase word of each verb, object, or preposition of the
verb pair, object pair, or preposition pair respectively;

instructions to calculate a semantic similarity score, the
semantic similarity score based on a semantic rela-
tionship between each verb, object, or preposition of
the verb pair, object pair, or preposition pair;

instructions to calculate a lexicon similarity score, the
lexicon similarity score based on relative positions in
ataxonomy of each verb, object, or preposition of the
verb pair, object pair, or preposition pair; and
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instructions to compare the string similarity score, the
semantic similarity score, and the lexicon similarity,
wherein the pair sub-score is based on at least one of
the string similarity score, the semantic similarity
score, or the lexicon similarity score.

21. The system of claim 14, wherein the storage medium
further comprises:

instructions to calculate, through the use of the at least one

processor, a word vector score for the textual statement
pair, wherein the word vector score is based on the
comparison of a first word vector and a second word
vector, the first word vector based on the first set of
words and the second word vector based on the second
set of words;

instructions to compare the word vector score and the

parsed word score; and

instructions to calculate the match score based on the

greater of the word vector score and the parsed word
score.

22. The system of claim 21, wherein the word vector score
for the textual statement pair is based on the first word vector
and the second word vector.

23. The system of claim 21, wherein the first word vector
includes a numerical value for each of the first set of words,
and wherein the second word vector includes a numerical
value for each of the second set of words, and wherein a
numerical value for a word from the first or second set of
words is increased when the word is a verb, object, or prepo-
sition.

24. A processor configured to calculate a match score for a
textual statement pair, the processor comprising:

pre-processing hardware logic configured to remove non-

alpha numeric characters from a first textual statement
and a second textual statement of the textual statement
pair, and to communicate the pre-processed textual
statement pair to term extractor circuitry;

term extractor circuitry configured to receive the pre-pro-

cessed textual statement pair and to extract a parsed
word group pair from the pre-processed textual state-
ment pair, the parsed word group pair including a plu-
rality of term pairs, wherein the term pairs include a verb
pair comprising a verb from each textual statement from
the textual statement pair, an object pair comprising an
object from the each textual statement, and a preposition
pair comprising a preposition from the each textual
statement;

a parsed term matcher circuitry including:

a string matcher circuitry configured to calculate a string
similarity score for each term pair;

a semantic matcher circuitry configured to calculate a
semantic similarity score for each term pair;

a lexicon matcher circuitry configured to calculate a
lexicon similarity score for each term pair; and

wherein the parsed term matcher circuitry is configured to

calculate a sub-score for each verb pair, object pair, and

preposition pair based on at least one of the correspond-

ing string similarity score, the corresponding semantic

similarity score, and the corresponding lexicon similar-

ity score;

wherein the parsed term matcher circuitry is configured to

calculate a parsed word score for the textual statement
pair based on at least one of the verb pair sub-score, the
object pair sub-score, and the preposition pair sub-score;
and

user interface circuitry configured to generate a user inter-

face that depicts one or more first textual statements and
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one or more second textual statements along with one or
more match indicators that visually indicate a match
between one or more of the first textual statements and
one or more of the second textual statements, and
5 a graphics processor in communication with the process
configured to communicate the generated user interface
to a display to thereby cause the display to visually
display the generated user interface.

25. The processor of claim 24, further comprising:

a word vector matcher;

wherein the term extractor circuitry is configured to gen-

erate a word vector for each textual statement of the
textual statement pair; and

wherein the word vector matcher circuitry is configured to

compare the generated word vectors and calculate a
word vector score based on the comparison.

26. The processor of claim 25, wherein the processor is
configured to calculate the match score for the textual state-
ment pair based on at least one of the parsed word score and
the word vector score.

27. The processor of claim 24, wherein the plurality of term
pairs include the verb pair comprising a verb from a verb-
object-preposition (VOP) triple for a first word group from
the parsed word group pair and a verb from the VOP triple for
a second word group from the parsed word group pair, the
object pair comprising an object from the VOP triple for the
first word group and an object from the VOP triple for the
second word group, and the preposition pair comprising a
preposition from the VOP triple for the first word group and a
preposition from the VOP triple for the second word group.

28. The processor of claim 27, wherein the parsed term
matcher circuitry calculates the verb pair sub-score, the
object pair sub-score, and the preposition pair sub-score, the
calculation comprising:

determination, by the string matcher circuitry, the string

similarity score for each term pair, the string similarity
score based on a string comparison of a base word of
each verb, object, or preposition of the verb pair, object
pair, or preposition pair respectively;

determination, for each term pair, the semantic similarity

score by the semantic matcher circuitry and the lexicon
similarity score with the lexicon matcher circuitry when
the string similarity score does not indicate a string
match of a base word of each verb, object, or preposition
of the verb pair, object pair, or preposition pair, respec-
tively;

comparison of the semantic similarity score and the lexi-

con similarity score when the string similarity score
does not indicate a string match of a base word of each
verb, object, or preposition of the verb pair, object pair,
or preposition pair, respectively; and

identification of the string similarity score as the sub-score

when the string similarity score indicates a string com-
parison of a base word of each verb, object, or preposi-
tion of the verb pair, object pair, or preposition pair,
respectively.

29. The processor of claim 27, wherein calculating the
sub-score for each term pair comprises:

identifying a maximum of the semantic similarity score

and the lexicon similarity score as the term pair sub-
score in response to the string similarity score of the term
pair representative of the term pair comprising diftferent
base words.
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